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Introduction
The period from 2003 to 2013 was one of Latin America's most notable in terms of economic progress. Both the sustained economic growth (the GDP per capita grew at an average annual rate of 5.2 percent) 1 and the substantial fall in income inequality (the Gini coefficient for per capita income decreased from 0.56 to 0.49; IDB, 2015) implied significant increases in purchasing power-both in absolute and relative terms-at the bottom of the income distribution, with considerable upward mobility along this distribution. The percentage of people with income below USD 4.00 a day decreased by 20 percentage points, from 43 percent to 23 percent; extreme poverty (people with income below USD 2.50 a day) was cut in half, from 26 percent to 11 percent; and the size of the middle class (people with income between USD 10.00
and USD 50.00 a day) increased from 21 percent to 33 percent. In this period, Peru-with 31 million inhabitants, the fifth-most populous country in Latin America, after Brazil, Mexico, Colombia, and Argentina-showed some of the most significant changes. Compared to the Latin American (18 countries) average, the annual per capita product of Peru grew faster than a 36 percent pace, and its Gini coefficient decreased nearly 3 additional percentage points between 2003 and 2013. Also, the headcount poverty ratio, at the USD 4-a-day line, fell 16 percent faster than the regional average, and the middle class grew 50 percent faster. Peru also showed greater resilience to shocks of the recent global financial crisis (Grosh, Bussolo and Freije, 2014) . (The changes observed in Peru are described in detail in the Stylized Facts section.)
The region's dramatic changes have been detailed in a number of recent studies, which have also provided plausible explanations of how the changes came about and described the challenges to maintain and deepen the progress achieved (Gasparini and Lustig, 2011; Ferreira et al., 2012; Levy and Schady, 2013; Lustig, Lopez-Calva and Ortiz-Juarez, 2013) . Several studies have focused more closely on the factors that have contributed to changes in poverty and inequality based on a non-parametric decomposition approach (Azevedo, Inchauste and Sanfelice, 2013; Azevedo, Davalos et al., 2013; Inchauste et al. 2014; Freije 2014) . We follow this approach, but we concentrate exclusively on Peru and, in doing so, we use decomposition techniques enriched in terms of analytical scope and empirical application. Specifically, this paper aims to quantify the contribution of the forces behind the changes in Peru's welfare indicators based on counterfactual simulations.
1 Gross Domestic Product in USD based on 2011 purchasing power parity (IMF, 2014) .
The methods for counterfactual decompositions developed by Ravallion and Huppi (1991) , Datt and Ravallion (1992) , and Kolenikov and Shorrocks (2005) explain variations in poverty based on changes in aggregated components that have limited usefulness to define specific policies that fight against it. Unlike these works, the methods proposed more recently (Barros et al., 2006 (Barros et al., , 2007 (Barros et al., , and 2010 Azevedo, Inchauste, Olivieri et al., 2013; Azevedo, Nguyen et al., 2012) generate entire counterfactual distributions, allowing us to quantify the contribution of changes in a greater number of factors to the observed distributional change in poverty and inequality.
On this basis, we explicitly consider the educational dimension in the income identity equation.
By using an indicator of human capital stock, utilized extensively in the literature on economic growth for aggregate production functions, the assumption that all units of the labor force are homogeneous and possess equal capacities is relaxed.
Using data gathered from the National Household Survey of Peru (ENAHO, for its Spanish acronym) collected over 10 years, our results show that while the changes in labor income are one of the main factors contributing to poverty reduction in recent years, their role-in contrast to previous estimates-is less important to inequality reduction if the analysis takes into account that the working-age population's human capital is not homogeneous. Instead, the main driving force of the reduction in poverty was the fall in returns to education. Both unequalizing and equalizing effects of this fall occurred, i.e., returns were larger for higher levels of education and the fall was smaller for higher levels of education (convexities in returns increased), but returns were also proportionately higher for graduates of each education level, particularly among those with the lowest levels (sheepskin effects in the returns 2 ). At the same time, the fall in returns to education was one of the most important factors that limited the achievement of more effective progress in reducing poverty and increasing the size of the middle class.
This paper provides three key contributions to the existing literature and sheds some light from a policy perspective. Firstly, an indicator of human capital stock for the working age population, associated with schooling and its returns, is incorporated into the income identity equation. This allows for a more appropriate identification of the forces behind the movements of population groups over the income distribution and improves the depth in the decomposition analysis. 
Empirical Methodology

Income Identity
In order to decompose the observed changes in monetary welfare indicators (poverty, middle class, or inequality), the household per capita income ( ) is disaggregated by monetary and non-monetary components as follows:
(1) * * * * * * * where n is the number of household members, is the household's labor income (sum of each occupied adult member's labor income), is the household's non-labor income (sum of each adult member's non-labor income), n a is the number of adults in the household, n o represents the number of occupied adults, the number of hours worked, ∅ is the adults' stock of human capital defined as a function of the years of education completed (s) (following Mankiw, Romer and Weil, 1992; Hall and Jones, 1999; Bils and Klenow, 2000) , and * and * are the units of adult and employed human capital, respectively. 
Returns to Education
Given the evidence of convexities and sheepskin effects in estimating returns to education in Peru (Yamada, 2007; Yamada and Castro, 2010) , we use a specification of labor income equation that allows obtaining the return to an additional year of schooling at each education level:
where lnW is the natural logarithm of real hourly labor income; are the returns to an i = incomplete or complete additional year of education for j = primary, secondary, tertiary, and postgraduate, and are years of education completed; 3 X is the potential experience measures as the age minus years of completed schooling and six years (the mandatory starting age for school), and X2 is its squared divided by 100; Z is a vector of controls that includes dummies for sex, urban-rural residence area, and parent education (at least incomplete secondary and otherwise); 4 and µ is the error term in the regression.
5 Equation (2) was estimated using the Heckman sample selection correction procedure due to the presence of sample selection bias in this type of specification (non-random selection to be in or out of the sample associated with people's decisions to work or not work). The procedure corrects this problem in two stages. First a probit model for the probability of working is estimated in order to predict the employment probability for each individual, and then a laborincome ordinary least squares model is estimated by incorporating a transformation of predicted individual probabilities as an additional explanatory variable. The selection model considers marital status (married/cohabiting and otherwise), the number of children in the home aged 0-11 years (both variables strongly affect the chances of labor participation, but not our outcome), and, implicitly, the individual's salary income via the inclusion of its predictors (age, years of education, urban-rural, and sex).
After estimating returns to education, the function ∅ s can be approximated by a piecewise linear function breaking years of education (s) in splines and taking into account the education levels of individuals: 4 Given that demand for education is endogenous to ability (individuals with greater learning ability are more likely to consume greater amounts of education), the variable "parent education" is included to reduce the effect of this endogeneity on estimating returns. 5 A specification based on dummies for education levels produces the same results if estimated coefficients are then divided by the average years of education at each level. 6 The approximation proposed is an extension of the function ∅ s from the simplest formulation of the earnings equation, when the schooling variable is not broken into splines, ∅(s) = r*s, as described by Hall and Jones (1999) .
(4) * e ̅ * * * * * * This is the equation we use to decompose the observed change in poverty, the middle class, and inequality. Note that in this specification, although labor and non-labor income are estimated at the household level (aggregating income from its members), the heterogeneity of human capital is not altered because the decomposition is estimated at individual level and, therefore, the adults' stock of human capital does not need to be aggregated because e ̅ ∅ .
Decomposition Method
The decomposition of observed changes in welfare measures into contributions of each component (and of its interactions with all other components) in two points in time (t = 0, 1) can be estimated in a straightforward manner. According to Barros et al. (2006) and Azevedo, Inchauste, Olivieri, et al. (2013) , counterfactual distributions of the welfare aggregate for t 1 can be constructed by replacing the observed values of components in t 0 . Thus, poverty, middleclass, or inequality rates could be computed for each cumulative counterfactual distribution, i.e.
measures that would have prevailed in absence of the change in that component. For example, if is the contribution of the component j on change in the Gini (G), this contribution and its interactions with all other components can be calculated as the difference between the observed Gini in t 1 and its estimated cumulative counterfactual for t 1 by substituting the observed value of the component j ( in t 0 to the observed distribution in t 1 :
where f(.) is a cumulative density function of household income per capita, which depends on each of its components. However, this procedure has two problems. Shorrocks (1982 and 2013) argues that this kind of decompositions (by factor components) does not guarantee that the final sum of all contributions is equal to the total change, in our example in G from t 0 to t 1 , because the sum depends on the order in which the component cumulative effects are calculated. An additional problem is the way to assign to households the value from the period t 0 to the period t 1 in the context of cross-sectional data.
Following the example of the Gini, for the first problem, Shorrocks (1982 and 2013) shows that marginal effects of the sequential elimination of each component contributing to the change in Gini, considering all the possible sequences, and assigning to each component the average of its marginal contributions, produces an exact additive decomposition of the Gini into n contributions. This means that if the exercise is done starting from the left and then from the right, the averages are the result of n! elimination sequences, where n! is the factorial of the number of income components. Formally, this is the equivalent to the Shapley value allocation method in game theory, and is therefore referred to as the Shapley decomposition (Sastre and Trannoy, 2002) .
We follow Azevedo, Nguyen, et al. (2012) to address the second problem. They propose to match individuals or households based on their observed income rank in each period, i.e., assuming a distributional dynamic in which each individual keeps his or her rank across the periods. Thus, the entire trajectory of the observed income distribution and its components are tracked by assigning the average value of each component for each percentile in t 0 to each individual or household in the same percentile in t 1 .
It should be noted that this kind of decomposition has some analytical limitations: It does not identify causal effects; counterfactuals are generated by modifying one income component at a time keeping everything else constant; and the decomposition procedure does not ensure aggregation consistency. 7 Despite these limitations, the procedure provides relevant empirical evidence on the immediate determinants behind the distributional changes.
Data Characteristics
In order We also take advantage of the detailed information offered in the ENAHO to use more comprehensive measures of labor and non-labor income than those from harmonized databases used for cross-country analysis. The ENAHO includes labor income from primary and secondary activity, in cash and in-kind (including those used for self-consumption), 8 and the non-labor income includes the following subgroups: property income, imputed rent of the owned or occupied home, public transfers (including transfers from social program and living allowance), private transfers (including domestic and overseas remittances), and other income.
The sum of all these components corresponds to the concept of total net household income, i.e., excluding deductions for taxes, retirement pension, and others. In this paper we propose using multiples of the national moderate poverty line in order to measure the size of other population groups. Given that the national poverty line is close on average to USD 5 per capita a day at 2005 purchasing power parity (Table 1) , the resultant values ( USD 10 and 50) are similar to those used in comparative studies between countries based on suggestions from Lopez-Calva and Ortiz-Juarez (2011). These authors use an empirical methodology to analyze the middle class based on the notion of vulnerability to poverty. They found that USD 10 a day, associated with a low (0.10) probability of falling into poverty, depicts the beginning of the middle class (lower threshold). Also, they established the upper threshold at USD 50 a day, an income amount that it is observed in the upper tail of the income distribution of the countries studied. Based on these thresholds, we define three groups that, in turn, reflect different probabilities of falling into poverty. Thus, the vulnerable are defined as those who live in households with per capita income between one and two times the national poverty line, the middle class are those with income between 2 and 10 times the national poverty line, 10 and the rich are those with income more than 10 times the national poverty line.
Distributional Changes of Household Income Sources
Peru experienced enormous distributional changes in recent years, much broader than the average changes experienced in Latin America, as described above. Based on income measures, national poverty lines, and data from the ENAHOs, the moderate poverty rate The growth-inequality decomposition introduced by Datt and Ravallion (1992) quantifies the relative contributions of economic growth and redistribution to changes in poverty. We follow Azevedo, Castaneda, and Sanfelice (2012) , who implemented the Shapley value of this decomposition and extended it to changes in the middle class. The results show that 70 percent of the reduction in poverty and 75 percent of the increase in the size of the middle class is due to the increase in per capita household income (Table 2 ). This evidence also shows that, with respect to growth, the size of the middle class is more sensitive than the incidence of poverty.
Our estimates indicate that on average, for each point of per capita GDP growth, poverty fell by private transfers (remittances, child support, alimony, and so on), income from property (interest, rents, profits), and imputed income from owner-occupied housing were generally more favorable for vulnerable and middle class groups.
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Among the non-monetary components, changes in returns to education should show important influences on movements along different segments of the income distribution because of the magnitude and heterogeneity of changes across the adult population (third panel of Figure 2 ).
The average return per additional year of education fell at an annual rate of 6.7 percent between 2004 and 2013, and the rate was higher among the poorest population (7.9 percent in the poorest decile versus 5.7 in the richest decile). In addition, as has been shown in several studies with disaggregated estimates (e.g., Castro and Yamada, 2012) , Table 3 shows that the returns were not only greater for higher levels of education (i.e., there were convexities in 12 Figure 3 shows the values of this stock in 2004 and 2013 by years of education. 13 Note that the population classification based on the national poverty lines described above identifies the poor in percentiles 0-24 and the middle class in percentiles 59-98 in 2013 (0-54 and 83-99 in 2004, respectively).
returns or increasing marginal returns), but they also fell less for individuals with higher levels of education. For example, the returns for each additional incomplete primary year decreased three times more than complete tertiary: 8.8 versus 2.8 percent per year between 2004 and 2013. But as well as changes in returns showing unequalizing effects on per capita income growth, they also showed equalizing effects for those that complete levels of education (lower part of Table 3 ). The returns per additional year of education were proportionately higher for those who completed the last year of each education level (sheepskin effects 14 ), particularly for those who completed only the lowest levels, as discussed in Figure 4 .
Also, the second and fourth panels of Figure 2 consistently show that the fall in returns is associated with an increase in the labor supply, which is somewhat more marked among the lowest deciles. According to information from ENAHOs, this would happen for size of the influences on income inequality) is also associated with the phenomenon labeled by Bourguignon et al. (2005) as the "paradox of progress."
Decomposition Results
The four panels of Table 4 . 16 The following decomposition compresses the four non-labor income components (third panel), and the last one excludes education, return, and hour components (fourth panel). In all cases, the estimates include measures of incidence, income gap and squared income gap. We focus on the incidence measures.
The second panel suggests that the most important contributor to poverty reduction and the rise of the middle class was growth in labor earnings (per hour worked of one unit of human capital stock). This factor explained almost 60 percent of movements observed in both population groups between 2004 and 2013. 17 Although the increase in labor earnings was also important to reducing income inequality, it was not the main driving force. The fall in returns to education played this role. The third part of the Gini coefficient reduction was due to this fall, which is in line with the findings of several authors that assign a relevant role to changes in returns to education (Lopez-Calva and Lustig, 2010; Gasparini and Lustig, 2011; Azevedo, Davalos et al., 2013) . Unlike those other papers, our evidence on the role of returns to education in the reduction of inequality was obtained by introducing indicators of the adults' stock of human capital in the equation of household income (compare the results of the panels 2 and 4 of Table   4 ). The fall in returns to education was also an important factor that explained the changes in poverty incidence and size of the middle class. It was the second driving force after labor earnings, although in both cases the decline in returns to education restricted progress toward a situation with less poverty (in 21 percent) and more middle class (in 26 percent).
The positive influence of the fall in returns to education on income inequality-unlike the negative impact on poverty reduction and rise of the middle class associated with changes in labor supply-would be largely connected with the differentiated increase in sheepskin effects in the returns at all education levels during the period analyzed. Table 3 shows that the last grade of schooling in each level is disproportionately rewarded in terms of higher hourly labor earnings, i.e., returns higher associated with graduation from primary school, secondary school, and university (as has been detected several times in the literature, e.g., Hungerford and Solon 1987; Schady 2003) , and, interestingly, they changed favorably for the first two levels of education. The ratio between returns to complete and incomplete primary education and the ratio between complete and incomplete secondary education substantially increased 3.5 and Consequently, the unequalizing effect of the convexities in the returns to education (i.e., increasing returns with the levels of education) would have been more than exceeded by the equalizing effect of the observed changes in sheepskin effects (i.e., important increases of returns for graduates of primary and secondary). This does not mean that the paradox of progress (a situation, as cited above, where an equalizing increase in schooling generates an initial unequalizing change in the income distribution due to the convexities of returns) has been overcome-that will only occur when the dispersion of years of schooling becomes smaller and smaller (Lustig et al., 2013) .
Changes in returns to education, as noted above, were associated with an increased supply of educated workers happened by increasing the proportion of the working-age population (given de demographic transition) and investments made in previous decades to improve the coverage of education. The decomposition results in Table 4 indicate that a greater share of working-age adults was as important as changes in labor earnings (around 18 percent) to understand the fall of the Gini coefficient. This factor explained similar percentages of poverty reduction and increases in the size of the middle class. The second panel also suggests that a larger proportion of this workforce was able to participate in the labor market with extended workdays.
The increase of hours worked contributed to a 12 and 15 percent in poverty reduction and rise of the middle class, respectively-almost double the contribution from increased employment.
Moreover, despite the substantial change of government transfers in favor of the poorest members of the population, these transfers had a relatively small role in explaining declines in poverty and income inequality. Their impact only accounted for 6 and 15 percent of reduction in poverty and the Gini coefficient, respectively. According to data from the 2013 ENAHO, despite public transfers representing about a quarter of net income for poor people who receive such transfers, 69 percent beneficiaries were not poor and 7 percent of the extreme poor did not receive them. The same source shows that even the conditional cash transfer program (Juntos), the best targeted of all existing programs, has room to improve its distributional impact: 29 percent of beneficiaries are not poor and 56 percent of the extreme poor do not receive transfers. The room for improving the impact of public transfers is much broader if we consider that Juntos is only a small part of the budget for transfers.
The contrast between the second to fourth panels confirms that the understanding of the fall in income inequality is more complex than poverty reduction and the rise of the middle class. The contribution of forces to changes in the Gini coefficient is less clear. In general, it can be noted in both panels that despite the decomposition methodology used does not ensure the principle of aggregation consistency (Shorrocks, 2013) , the findings on the main factors that led to changes in the size of poverty and middle class in the last decade are not altered. It may also be noted that contributions of labor income, the size of the working-age population and the employment rate, and interactions of each with all other components remain almost unchanged in the three panels. We can also see that the effects of changes in non-labor income may have reduced interactions with all other components. The sum of effects of these subcomponents for incomes represented in the second panel is similar to the aggregate of such incomes in the third panel. The numbers are significantly different when the same comparisons are made for the Gini coefficient.
Finally, in order to observe in detail the importance of the factors associated with changes in the economic status of a larger number of groups, Figure 5 shows the decomposition of changes in per capita income by decile between 2004 and 2013. For this purpose, we use the same equation (4) utilized to decompose poverty, middle class, and inequality. In general, the trends are observed more clearly in Table 4 . Note the important role of labor earnings and returns to education in reducing income (second panel), the equalizing effects of public transfers (third panel), the share of working-age population in the household, and the hours worked by adults (first panel).
The robustness of the results described above is observed when the information in the first two panels of Tables 4 and 5 are compared. Table 5 was built considering equivalence scales.
Among the scales for Mexico, Jamaica, and Argentina, the only Latin American countries that have this instrument for measuring poverty levels, we use Mexico's 18 because its GDP per capita is most similar to Peru's. Despite the significant changes in the incidence of poverty and the middle class due to the application of equivalence scales (panel 1 in both tables), the contributions of forces behind the changes in both indicators are practically the same.
Summary and Final Remarks
Peru experienced significant distributional changes from 2004 to 2013. Poverty incidence was reduced to less than half (from 54 to 24 percent), the size of the middle class more than doubled (from 16 to 39 percent)-it has been the predominant group since 2012-and the income inequality figure fell by almost 7 percentage points. With a series of counterfactual simulations, we identified and quantified the contribution of the more immediate determinants of these changes. We modified the assumption of a homogenous working-age population and introduce additional dimensions to the income identity equation. This allowed a more accurate identification of the forces behind the changes in welfare indicators and a more comprehensive analysis of decomposition.
We found that the favorable performance of the labor market, mainly from labor earnings, accounts for slightly above three-quarters of the percentage rise in both poverty reduction and the rise of the middle class. We also found that a greater number of factors (compared to other economic mobility indicators used in this paper) affect the reduction of income inequality, revealing a more complex understanding of its changes over time and how to fight against it.
The labor earnings increase was not the main factor in reducing the Gini coefficient, as it was for changes in the poverty rate and the size of the middle class. The earnings increase explained only about half of what the decline in returns to education added to the lowered Gini coefficient. We also found that the fall of returns, at the same time, was one of the important factors constraining the most effective period of progress in reducing poverty and increasing mobility into the middle class. Finally, we saw how differences in the demographic trajectories inside the country are associated with what is known as the demographic bonus or demographic window, which played a key role in understanding the distributional changes observed.
Learning about the causes of these changes can be very useful for the design of future interventions. Emphasis should be placed on the factors that led to falling poverty and inequality and rising numbers of the middle class, particularly to enhance their effects to increase their role in the generation of expected changes. The decomposition analysis used in the paper has provided evidence on the efficacy of such factors. Given the demographic transition that the country is experiencing (similar to most countries in the region), investments that aim to close schooling gaps can allow the working-age population-particularly young people from poor areas-to continue expanding their opportunities for improved labor-market participation, through employment and higher wages. Additionally, improvements in levels of learning, particularly among the lowest deciles of the population, will allow the distributional effects of returns to education promote both an upward mobility and a more equitable income distribution.
The literature has showed that returns to education are sensitive to improvements in learning (Card and Krueger, 1990; Hanushek and Wossmann, 2007) . Finally, although social programs introduced since the mid-2000s have had substantial consequences on the welfare of the poor, an important proportion of government transfers benefits households that are not necessarily at the bottom of the income distribution. Consequently, there is significant room for improving the targeting of these programs to reduce poverty and inequality. Notes: Equivalence scales are those from Mexico with a range between 0.7 and 1 according to the age of individuals. The poor are those living in households with per capita income below the national poverty line, and the middle class with per capita income between 2 and 10 times the poverty line; FGT0 = incidence, FGT1 = income gap regarding poverty line, FGT2 = FGT1 squared. * cash and in-kind. ** from owner-occupied housing.
